Light-dependent growth of phytoplankton is a fundamental process in marine ecosystems, but we lack a comprehensive view of how light utilization traits vary across genotypes and species, and how this variation is structured by cell size, taxonomy, and environmental gradients. Here, we compile 308 growth-irradiance experiments performed on 119 species of marine phytoplankton from all major functional groups, and characterize growth-irradiance relationships in terms of the initial slope of the growth-irradiance curve (a), the optimal irradiance above which growth declines (I opt ), and the maximum growth rate (l max ). We find that a declines with increasing cell size, although cell size appears to be a weak constraint on this trait. There are significant differences across taxa in a and l max , with dinoflagellates, raphidophytes, and diazotrophs having the lowest values for both traits, and Phaeocystis spp. and diatoms having relatively high values. I opt does not vary among taxonomic groups, and all traits exhibit large variation within most groups. Open-ocean isolates tend to have higher a, lower I opt , and lower l max than coastal isolates, implying adaptation to low light and low productivity. The three traits are correlated across species such that a and I opt are negatively related while l max is positively correlated with both of these traits. There is some evidence that high a carries a cost of high N demand even when nitrogen (not light) is limiting. The results elucidate contrasting light-related ecological strategies across phytoplankton and should help improve the parameterization of major functional groups in biogeochemical models.
The light environment experienced by phytoplankton can vary enormously, due to attenuation by water, pigments, and other material, variation in insolation and turbulence across seasons and latitudes, and many other factors (Kirk 1994) . Likewise, there are large differences among species and genotypes in the traits that characterize light utilization, such as photosynthesis and growth under low vs. high irradiance (Brand and Guillard 1981; Richardson et al. 1983; Moore and Chisholm 1999; Rodriguez et al. 2005) , performance under fluctuating light (Litchman 2000; Six et al. 2007) , and performance under different irradiance spectra (Wood 1985; Stomp et al. 2004 ). Trait variation is thought to be explained in part by consistent differences between major taxonomic groups (Richardson et al. 1983; Cullen and MacIntyre 1998; Boyd et al. 2010 ) as well as cells of different size (Geider et al. 1986; Finkel 2001) . For example, diatoms are thought to perform relatively well under both limiting light and excessive light (Richardson et al. 1983) or fluctuating light (Litchman 1998) . Smaller cells are thought to maintain higher photosynthetic rates under light limitation (Geider et al. 1986; Finkel 2001 ) while larger cells may be less susceptible to photoinhibition under excessive light (Key et al. 2010 ). Genetic differences in light traits presumably reflect adaptation to distinct light environments, and therefore, differences among species and genotypes should reflect the conditions in which they predominate, such as depth in the water column (Rodriguez et al. 2005) or proximity to land masses (Strzepek and Harrison 2004; Lavaud et al. 2007) .
Here, we compile and analyze a comprehensive body of published experiments where phytoplankton growth was measured as a function of irradiance, and where nutrients were not strongly limiting. Growth-irradiance experiments have been performed for a large number of species isolated from diverse environments and representing many taxonomic groups, and therefore, such a compilation can address a number of questions regarding phytoplankton light use. The mechanistic basis for the growth-irradiance relationship has been reviewed elsewhere (Falkowski et al. 1985 , Langdon 1988 , Talmy et al. 2013 . In general, growth increases with irradiance due to an increase in the rate of light-limited photosynthesis, growth saturates at irradiances where photosynthesis is no longer light-limited, and growth may decline at higher irradiances due to photodamage from excess light and/or the costs of photoprotection. Growth-irradiance experiments can be used to characterize three important traits: performance under low light (a, the initial slope of the growth-irradiance curve), the optimal irradiance above which growth is photoinhibited (I opt ), and the maximum growth rate under optimal irradiance (l max ; Fig. 1A and Methods; Eilers and Peeters 1988, Schwaderer et al. 2011 ). These integrated traits reflect the combined effects of many underlying physiological traits, such as the optical absorption cross section of pigments; the cellular investment in components that capture photon energy, fix carbon, synthesize proteins, and protect or repair the photosynthetic machinery under excess light; and the respiratory costs of maintaining these components and synthesizing new biomass (Falkowski et al. 1985 , Geider et al. 1998 , Talmy et al. 2013 . Some of these traits are plastic and acclimate to environmental conditions, but individual genotypes and species are limited in the range of their plasticity (Falkowski et al. 1985, Dubinsky and Stambler 2009) , which results in interspecific differences in the integrated growth response to irradiance.
The key traits of the growth-irradiance relationship should determine the outcome of competitive interactions, and thus community structure, under different light conditions (Litchman and Klausmeier 2008) . Theory for a wellmixed water column shows that the most important traits for light competition depend on the incident irradiance (I in , Huisman and Weissing 1994) . Under very low I in , populations experience consistently low irradiance, and a should determine the winner in competition. As I in increases, the population is mixed over depth through a range of irradiance such that growth depends on both a and l max , and under high enough I in a species with higher l max may outcompete one with a higher a (Huisman and Weissing 1994) . If I in is high enough to photoinhibit growth, then a high I opt may be necessary for persistence, and complex interactions may result where species with high I opt create enough shade to facilitate the invasion and ultimate dominance of species with lower I opt (Gerla et al. 2011) . Under less turbulent conditions multiple species may partition the water column and coexist with light strategies appropriate to different depths (Stomp et al. 2007 , Hickman et al. 2010 , and/or strategies reflecting differential abilities under light vs. nutrient limitation (Yoshiyama et al. 2009 ). Temporal variation in I in can also maintain a diversity of light-use strategies (Litchman and Klausmeier 2001) . Some support for these predictions comes from lab experiments on competition for light Weissing 1999, Passarge et al. 2006) , the existence of high vs. low light ecotypes (Moore and Chisholm 1999, Rodriguez et al. 2005) , depth-stratified community structure (Furuya and Marumo 1983, Venrick 1999) , and seasonal community dynamics predicted by light and nutrient traits (Edwards et al. 2013b) .
At this point, we lack a comprehensive understanding of the diversity and distribution of traits related to light use. To ultimately gain a more mechanistic understanding of the structure of phytoplankton communities and how this determines ecosystem processes, it is important to understand whether functional groups based on cell size or taxonomy are strongly correlated with light utilization traits, whether these traits are correlated with each other in ways that reflect tradeoffs or correlated adaptation to the environment, what costs are imposed by high values of particular traits, and how these traits vary across major environmental gradients. Fig. 1 . The growth-irradiance curve and allometric relationships. (A) example growth-irradiance curve, with labeled parameters: a, the initial slope; I opt , the irradiance at which growth rate is maximal; l max , the maximum growth rate. (B) a vs. cell volume, showing SMA and LS fits. a has been corrected for daylength and temperature, as described in Methods. (C) Predicted growth-irradiance curves for species of different size, 1 lm , and 10 7 lm 3 . To generate these curves, we analyzed l max using the same methods we used for a and I opt . These curves show predictions based on LS fits.
Here, we examine these questions with a synthesis of published experiments.
Methods

Literature compilation
We searched the literature for published measurements of growth rate as a function of irradiance, measured on marine phytoplankton. We collected data from experiments where monotypic cultures were grown without strong nutrient limitation, at least four unique irradiances were used, and the cultures were acclimated to the irradiance treatment before growth was measured. For the current analysis, we excluded isolates from benthic, epiphytic, and ice environments, to focus on pelagic systems. When cell volume was not reported in the original study, when possible we used a measurement of cell volume from a different study in our dataset that used the same species, or from a different study found in the literature.
We aimed to include as much taxonomic and geographic diversity in the analysis as possible, to characterize major patterns in the functional diversity of light utilization traits. Because 71 curves measured growth at only four irradiances, we used a three-parameter curve to quantify the growthirradiance relationship for all experiments in the dataset:
where l is the specific growth rate (d
21
) as a function of the photon flux density (I, lmol photons m 22 s
), l max is the maximum growth rate achieved at I opt , the optimal irradiance, and a is the initial slope of the curve (Fig. 1A) . This curve was derived by Eilers and Peeters (1988) from a dynamic model of photoinhibition of photosynthesis, and it allows us to compare across species the relative performance under limiting irradiance (a), relative performance under saturating irradiance (l max ), and the irradiance above which photoinhibition reduces growth (I opt ). Another common equation used to quantify photosynthesis vs. irradiance is that of Platt et al. (1980) . Here, we use Eq. (1) because it is explicitly parameterized using the traits we will compare across species. In addition, this curve has a very similar shape to the Platt curve, and we found that the two curves yield very similar trait estimates, and that the curve of Eilers and Peeters generally achieves an equivalent or better fit when quantifed using AICc (Hurvich and Tsai 1989 ; results not shown).
As irradiance approaches zero, the respiration rate will eventually exceed gross photosynthesis, leading to net negative growth rates. It is possible to represent a constant rate of background "maintenance" respiration by adding a new parameter to Eq. (1). However, for most phytoplankton maintenance respiration is low ( 0.02 day 21 , Geider and Osborne 1989), and in our compilation only 23 experiments measured negative growth at low irradiance. Furthermore, using the modified curve would require us to fit a four-parameter curve to an experiment with four data points in 71 cases, or else drop the experiments with only four irradiances. Therefore, we decided to exclude from the analysis the 23 experiments with negative growth rates, as Eq. (1) is inappropriate for those data. This excluded 17 unique species, including 11 dinoflagellates out of 34 total, although seven of those dinoflagellates were Gambierdiscus spp. from a single study. Ultimately our dataset included 308 experiments on 119 unique species (see Web Appendix, Table A1 , www.aslo.org/ lo/toc/vol_xx/issue_x/xxxa.html). The median number of unique irradiances used per experiment was 5, and the maximum was 37. Data were extracted from figures using Datathief III (www.datathief.org) or from tables where available. Equation (1) was fit to all experiments using maximum likelihood estimation. We tested whether our results were influenced by experiments with small sample sizes, but nearly all results were qualitatively unchanged and quantitatively similar when using only experiments with >6 points. The one exception is the analyses of coastal vs. open-ocean isolates; in this case, restricting the dataset excludes too many openocean isolates to make these comparisons.
Statistical analyses
We used the trait compilation for the following analyses: (1) testing for allometric scaling relationships; (2) testing whether traits differ between taxa and between environments; (3) quantifying correlations between traits; (4) quantifying the relationship between a and chlorophyll content; (5) testing for a relationship between a and the cellular demand for N. Details of the statistical methods are given in subsequent sections.
Quantifying allometric relationships
We tested for relationships between cell volume and the traits a and I opt . The relationship between l max and cell volume has been analyzed elsewhere using different comparative datasets (Tang 1996 , Edwards et al. 2012 , Marañon et al. 2013 . l max tends to be greater for smaller species (Tang 1996 , Edwards et al. 2012 ), but picophytoplankton have low growth rates, resulting in a unimodal relationship (Marañon et al. 2013) . The data have a complex structure, because there are potentially multiple measurements per isolate, multiple isolates per species, multiple species tested per publication, and variation in culture conditions such as temperature and daylength. Therefore, to test for effects of cell size across species, as well as effects of taxonomy and environment (described below), it is appropriate to use mixed models (also known as hierarchical models, Gelman and Hill 2006) . We log-transformed a, I opt , and cell volume, for normality of residuals and linearity of relationships. Daylength and temperature were included as continuous predictors to account for variation in culture conditions. Species was included as a random effect because some species were measured in multiple experiments, and the publication where the experiments were reported was included as a random effect to account for similarity in trait values due to use of the same experimental methods. For analyses involving I opt , we only used experiments for which the estimated I opt was less than the maximum irradiance used in the experiment. We took this approach to exclude experiments that did not use high enough irradiances to quantify the onset of inhibition by excess light. We initially fit the models for a and I opt using generalized additive mixed models (Wood 2012 ) that allowed for nonlinear effects of log cell volume on these traits, but the model algorithm selected linear relationships as the optimal choice based on an approximate crossvalidation criterion.
The mixed models allowed us to test for effects of volume while appropriately accounting for the complexity of the data. We also wanted to quantify allometric relationships for use in modeling studies. Allometric relationships are often fit using standardized major axis (SMA) regression (Warton et al. 2006) . This method fits a line through the middle of the data that does not change if the roles of "predictor" and "response" variables are switched; in contrast, ordinary least squares regression yields a different fitted line if the y-axis and x-axis are switched (Warton et al. 2006 ). However, SMA regression has a different limitation, because substantial natural variation in the response variable (e.g., maximum growth rate when regressed against cell volume) will increase the apparent steepness of the allometric slope (Smith 2009 ). This occurs because the SMA estimator for the slope of y vs. x is the standard deviation of y divided by the standard deviation of x (Smith 2009). Therefore, we present allometric slope estimates both from the mixed model and from SMA regression, as these represent lower and upper bounds on what is feasible given the data.
Because SMA regression does not incorporate covariates such as temperature or random effects for hierarchical structure, we use the fitted mixed models to correct a and I opt for daylength and temperature (corrected to 20 C and 12-h daylength). For example, if a for species A was measured at 10 C, and the fitted model predicts that an increase of 10 degrees will increase a by 0.01, then 0.01 was added to a to get a temperature-corrected value. We then used the corrected trait values to fit the SMA regressions.
Mixed models were fit with the R package lme4 (Bates et al. 2012) , and significance tests were performed with lmerTest (Kuznetsova et al. 2013 ). Fixed effects were tested using approximate F-tests with denominator degrees of freedom calculated with the Satterthwaite approximation. Random effects were tested using likelihood ratio tests (LRT). SMA regression was fit with the package smatr (Warton et al. 2012 ).
Effects of taxonomy and biogeography
We wanted to test whether a, I opt , and l max differ between taxonomic or functional groups, and preliminary analyses showed that these effects could be better quantified while simultaneously including information on the geographic origin of the each isolate. We categorized species into the following groups: diatoms, dinoflagellates, coccolithophores, Phaeocystis spp., other miscellaneous haptophytes (Isochrysis, Pavlova, and Prymnesium spp.), miscellaneous small eukaryotes (including prasinophytes, bolidophytes, pelagophytes, and a pinguiophyte), diazotroph cyanobacteria (Trichodesmium, Crocosphaera, and Cyanothece), nondiazotroph cyanobacteria (Prochlorococcus and Synechococcus), and raphidophytes. Although some of these groups have relatively few representatives in the dataset, we used this categorization to help inform ecosystem models and optical classification systems based on similar categories (Hood et al. 2006 , Follows et al. 2007 , Alvain et al. 2008 . Elsewhere in the text, we refer to these groups as taxa for brevity, although it should be noted that not all groups are monophyletic.
We also wanted to test for evidence of trait adaptation to the environments in which different species live. Nearly all experiments reported the location where the cultured strain was isolated from, or reported a culture collection ID that could be used to determine this information. Based on the isolation location, we classified all strains dichotomously as coming from either (estuarine or coastal or shelf) or openocean environments (Fig. 2) . We found this classification to be relatively unambiguous based on isolation locations and the fact that most of the estuarine or coastal or shelf strains were isolated from nearshore environments; throughout this article, we will refer to this group as "coastal" for brevity.
We tested for the effect of taxonomic variation and biogeography on the focal traits using mixed models that included environment (coastal vs. oceanic) as a fixed effect, taxon as a random effect, an interaction between environment and taxon as a random effect, daylength and temperature as continuous predictors, and species and publication as random effects.
Trait correlations
We examined trait correlations across species to see if evidence of tradeoffs or coadapted trait syndromes representing distinct ecological strategies is present. We also performed two analyses to explore how a is related to the biochemical composition of different species. For experiments that quantified the ratio of chlorophyll a to carbon (Chl a : C) under low irradiances, we tested whether a is correlated with Chl a : C. We also explored whether species with high a have a high nitrogen demand even when nitrogen is limiting to growth but light is not. To test this question, we compiled data from other experiments on species in our dataset, where the ratio of nitrogen to carbon content (N : C) was measured under strong nitrogen limitation (see Web Appendix, Table A2 ). Strong nitrogen limitation could be due to growth in a N-limited chemostat at low dilution rate, or stationary phase in N-limited batch culture.
Results
Allometric relationships
There is a significant negative relationship between cell volume and a (Table 1; p < 10
23
, F 1,97 5 14), although volume explains relatively little variation in this trait (Fig. 1A) . For a, using only experiments where cell volume was measured did not change the estimated allometric relationship, and so we present analyses using the full dataset here. The SMA and LS slope estimates were substantially different (Table 1, Fig. 1B ). In the remainder of the text, we will treat the LS estimate as more accurate, due to the fact that measurement error in cell volume is likely much less than unexplained natural variation in a, and unexplained variation in a will cause the slope to appear steeper in SMA regression (Smith 2009; Methods) . Based on the LS fit, on average the smallest cells (volume 1 lm 3 ) and largest cells (volume 10 7 lm 3 ) should differ in a by a factor of 8 (Fig. 1C) . We also found that a tends to increase with the daylength (hours) used in the experiment (slope 5 0.018, p 5 0.02, F 1,206 5 5.5), as well as the temperature ( C, slope 5 0.011, p 5 0.02, F 1,245 5 5.6). The difference in predicted a between temperature extremes (0 C vs. 30 C) is a factor of 2.1. The random effect terms quantifying variation between publications, variation between species, and residual variation had respective standard deviations of 0.44, 0.05, and 0.36).
In our analysis of log 10 I opt vs. log 10 cell volume, we found no significant allometric relationship, even when using only the experiments where cell volume was measured as part of the experiment (p 5 0.065, F 1,29 5 3.7). The trend was toward decreasing I opt with increasing cell volume (slope 5 20.021), but due to the weak statistical support we conclude based on our dataset that I opt does not change with cell size. Table 1 . Coefficients from SMA and least squares (LS) regressions. These regressions quantify the power-law relationships between a and cell volume, and a and Chl-a : C. As described in Methods, for the purpose of these regressions a was corrected for temperature and daylength, and the allometric regression only used experiments where cell volume was measured. Ninety-five percentage confidence intervals are given in parentheses. Fig. 2 . Locations of isolation for the diatoms, dinoflagellates, small eukaryotes, and coccolithophores for which location information was available.
Model
"Coastal" isolates are asterisks and "oceanic" isolates are circles.
Taxonomic and environmental effects We tested whether variation in a, I opt , and l max could be explained by taxonomic/functional categories, or by the environment from which the strain was isolated (coastal vs. oceanic). We tested these effects simultaneously to also test for interactions between taxonomy and environment.
For a, there is a significant interaction between taxonomy and environment (LRT; v 2 5 6.2, p 5 0.01). This interaction appears to be driven by the fact that a tends to be higher in oceanic isolates for most taxa while for diatoms the opposite is true (Fig. 3) . Consistent with this interpretation, when diatoms are removed from the analysis there is no taxonomyenvironment interaction (estimated variance component of zero), a significant effect of environment (F 1,91 5 3.9, p 5 0.05), and a significant effect of taxonomy (LRT v 2 5 5.0, p 5 0.03). On average the oceanic species have an a that is greater by a factor of 1.8. The largest differences between taxa are due to the dinoflagellates, raphidophytes, and diazotrophs having lower a than the other taxa, which have comparable mean values for this trait (Fig. 3) . The difference between taxa with the lowest (dinoflagellates) and highest (miscellaneous haptophytes) mean a is roughly a factor of 4 (Fig. 3) . When looking at the diatoms alone, there is a significant effect of oceanic species having lower a (F 1,77 5 5.3, p 5 0.024). Trait differences between environments do not appear to be driven by cell size, because cell size does not differ between environments in our dataset (F 1,143 5 0.02, p 5 0.9). For I opt , the variation across isolates is explained only by environment, with oceanic species tending to have lower I opt than coastal species (Fig. 3) . Diatoms run counter to this trend as well (Fig. 3 ), but the model shows no significant taxonomy-environment interaction (LRT v 2 5 3.13, p 5 0.08). When this interaction is removed from the model, there is a significant effect of environment (F 1,129 5 5.8, p 5 0.02), and no significant variation between taxa (estimated variance component of zero). Coastal and oceanic taxa differ on average by a factor of 1.5, corresponding to a predicted I opt equal to 175 and 114, respectively. For l max , there is large variation across taxa (LRT v 2 5 8.9, p 5 0.003), and at the same time coastal species tend to
Fig. 3. Trait variation across taxa and environments. (A-C)
show a, I opt , and l max , respectively, with each trait categorized by taxon and environment. If > 5 experiments were available for a taxon-environment combination, then a violin plot is shown (i.e., a boxplot overlaid on a vertically oriented kernel density plot). If five or less experiments were available, the trait value for each experiment is plotted as a separate point. The numbers above the panels show the number of unique species for each group. The taxonomic groups are Cocco 5 coccolithophores, Cyan 5 non-diazotroph cyanobacteria, Diatom 5 diatoms, Diaz 5 diazotrophs, Dino 5 dinoflagellates, Hapt 5 misc. haptophytes, Phaeo 5 Phaeocystis spp., Raphid 5 raphidophytes, and Small euk 5 misc. small eukaryotes. After the name of the taxonomic group there is a "C" to denote estuarine, coastal, or shelf isolates, or a "O" to denote oceanic isolates. The same species may have multiple occurrences if multiple experiments were performed, and may be present in both coastal and oceanic categories. Units for the traits are the same as in Figure 1 . have higher l max than oceanic species (F 1,161 5 3.9, p 5 0.05). There is no interaction between taxonomy and environment (estimated variance component of zero (Fig. 2) . The differences between taxa in l max are strongly correlated with differences between taxa in a (Fig. 4) . The difference between coastal and oceanic isolates is a factor of 1.35, corresponding to means of 0.71 vs. 0.53 (assuming 12-h daylength and 20 C).
Trait correlations
The traits a, I opt , and l max exhibit significant correlation structure (Fig. 5) . a and I opt are negatively correlated (r 5 20.41, p < 10
23
), a and l max are positively correlated (r 5 0.59, p < 10 23 ), and I opt and l max are positively correlated (r 5 0.18, p 5 0.01). To better discern the possible causes of these correlations, we also used partial correlations to quantify the residual correlation between two traits, once any effect of cell volume and temperature has been accounted for. However, the partial correlations were similar to the raw correlations: a vs. I opt , r 520.43, p < 10 -3 ; a vs. l max , r 5 0.57, p < 10
; I opt vs. l max , r 5 0.17, p 5 0.02). Similar correlation patterns are also seen when looking within the diatoms or dinoflagellates (the two most well-represented taxa; Fig. 5D-F) , indicating that these trait correlations are not driven primarily by taxonomic differences.
A number of experiments measured chlorophyll content as a function of irradiance, and we used this to test whether a can be predicted from the ratio of chlorophyll to carbon content (Chl a : C), measured at the lowest irradiance in the experiment. These two variables were positively correlated ( Fig. 6A ; Table 1 ; r 5 0.47, p 5 0.01, df 5 26). Taxonomic differences in accessory pigment content may be one cause of taxonomic differences in a (Langdon 1988) , but with the limited data available there is no strong evidence for this (Fig. 6B) .
We compared a to N : C for the same species, measured under strong nitrogen limitation, to test for a nitrogen cost of fast growth under low light. When comparing all species for which data is available, no clear patterns emerge (Fig.  6C ), but it is noteworthy that the species with both high N : C and high a tend to be either harmful dinoflagellates, raphidophytes, or other harmful species such as Aureoumbra lagunensis and Pseudo-nitzschia multiseries. When these two species as well as dinoflagellates and raphidophytes are removed from the analysis, a significant correlation between a and N : C emerges ( Fig. 6D ; r 5 0.50, p 5 0.03).
Discussion
The traits that define growth as a function of irradiance vary enormously across phytoplankton, with growth efficiency under low light (a) varying over more than three orders of magnitude, optimal irradiance for growth (I opt ) varying from 20 lmol photons m 22 s 21 to 1000 lmol photons m 22 s
21
, and maximum growth rate (l max ) ranging from 0.1 day 21 to 3.8 day 21 . To better understand the origins and ramifications of this variation, we quantified how these traits covary with cell volume and each other, and how they vary across major taxonomic groups and environmental gradients.
Allometric scaling a tends to decline with increasing cell size, indicating that larger cells tend to perform poorly under low light, relative to smaller cells (Fig. 1) . However, there is large scatter in this relationship, suggesting that cell size is not a strong constraint on how phytoplankton interacts with light. The exponent defining the allometric relationship is poorly constrained, due to the fact that LS slopes are biased to be too shallow by measurement error in cell volume, and SMA slopes are biased to be too steep due to both measurement error and large unexplained natural variation in the traits (Smith 2009 ). We also found that a tends to increase with temperature. A more thorough discussion of temperature effects will be included in forthcoming work on the interactive effects of light and temperature on phytoplankton growth.
Although the exact slope of the relationship is uncertain, the decline in a with cell size is consistent with theoretical predictions based on the packaging of pigments inside cells. As cell size increases, the same concentration of pigment will absorb less light due to self-shading of pigment molecules (Kirk 1994) . Because larger cells suffer an increased package effect, a cost-benefit model predicts that larger cells should invest less in chlorophyll under low light, with the optimal chlorophyll concentration inversely proportional to cell diameter (Finkel et al. 2004) . This leads to the prediction that whole-cell photosynthetic rate under strong light limitation should increase with cell volume to the power of 2/3 (Finkel et al. 2004) . If the carbon : volume ratio does not change with cell size, and if maintenance respiration is negligible, then the light-limited growth rate should decline with increasing cell volume to the power of 21/3. Carbon : volume in phytoplankton typically scales with cell volume to a power of 0.8-0.9 (Menden-Deuer and Lessard 2000), which would lower the predicted scaling exponent for growth rate to something between 20.13 and 20.23. Our results for the allometric scaling of a lie between 20.10 and 20.43 (Table 1) , which bracket the range of values that are consistent with theory.
We found no significant relationship between I opt and cell size. There is evidence that increased self-shading reduces photoinactivation of photosynthesis in larger cells (Key et al. 2010) , which might be expected to increase I opt . However, the value of I opt likely depends on many additional processes, and the tendency for larger cells to have reduced chlorophyll concentration (Finkel et al. 2004) will tend to reduce self-shading.
Taxonomy and environment
Our analysis of differences between taxonomic groups and between coastal vs. oceanic species revealed a number of intriguing patterns. In short, a differs between taxa, between environments, and also shows an interaction between taxonomy and environment; I opt differs between environments but not taxa; and l max differs between taxa and between environments with no interaction (Fig. 3) . The differences between taxa in a and l max are correlated, such that some groups grow faster than others regardless of irradiance (Fig.  4) . The general patterns are consistent with prior analyses (Richardson et al. 1983 , Tang 1996 , Edwards et al. 2012 , and conform to the idea that community structure is to a large extent organized along an axis of turbulent nutrient supply (Margalef 1978 , Kudela 2010 . The fastest growers are those groups (diatoms and Phaeocystis) that often dominate in turbulent waters; the intermediate groups (coccolithophores, cyanobacteria, small eukaryotes) tend to prosper under more stratified conditions; and the slowest growers (dinoflagellates, raphidophytes, diazotrophs) are also associated with stratified conditions while additionally possessing alternative nutritional strategies. Growth rate under phototrophic conditions may be reduced by the costs of maintaining mixotrophic abilities (Raven 1997) , which is common in dinoflagellates (Stoecker 1999) as well as raphidophytes (Jeong 2011) . Similarly, growth rates of diazotrophs may be reduced by various energetic costs associated with nitrogen fixation (Großkopf and LaRoche 2012) .
For taxa other than diatoms, a tends to be higher and I opt tends to be lower for oceanic isolates (Fig. 3) . This suggests that the oceanic isolates are adapted to lower light availability than coastal isolates. This pattern may be counterintuitive, due to the greater clarity of oceanic waters and the prevalence of strong stratification in the subtropical and tropical regions from which most of the oceanic strains were isolated (Fig. 2) . However, stratified waters often exhibit vertical structure in phytoplankton abundance and composition (Furuya and Marumo 1983, Venrick 1999) , and there is evidence that many eukaryotic taxa are more abundant at depths closer to the nutricline (Veldhuis and Kraay 2004, Landry et al. 2008) . Furthermore, many of the coastal strains were isolated from estuarine and nearshore environments that are shallow and may result in high irradiance experienced by phytoplankton. Oceanic isolates also tend to have lower l max than coastal isolates (Fig. 3) , which may be due to higher nutrient supply in coastal environments selecting for rapid growth at the expense of other functions such as efficient nutrient uptake and low nutrient demand (Carpenter and Guillard 1971 , Klausmeier et al. 2004 , Strzepek and Harrison 2004 .
It is interesting that the diatoms, which are by far the most well-represented group in this compilation, differ from the other taxa in having lower a in oceanic isolates and no clear trend for I opt . This may be related to the predominance of diatoms under turbulent conditions in coastal waters (Margalef 1978) , but in general these results point to the need for further detailed work on trait distributions across environmental gradients. It is also noteworthy that I opt does not show significant variation across taxa, despite varying between coastal and oceanic isolates. Because most of the taxonomic groups we discuss are widespread in the ocean, it may be the case that coarse taxonomic structure in response to irradiance is relatively weak while closely related genotypes that occupy different light environments can show strong differences (Moore and Chisholm 1999, Rodriguez et al. 2005) . In other words, evolutionary constraints to changing light utilization traits in response to selection may be weak. Similarly, varying community trait structure in the English Channel is associated with substantial variation just among the diatoms in response to light and nitrate (Edwards et al. 2013b ).
Trait correlations
The correlation structure among a, I opt , and l max exhibits relatively strong and somewhat complex patterns. a and I opt are negatively correlated while the other two pairs of traits are positively correlated (Fig. 4) . Furthermore, these patterns do not appear to be driven by underlying variation in cell size or temperature conditions, nor by taxonomic trait differences. One way to make sense of this is to posit a general ecological strategy of rapid growth, with some species tending to grow faster at all irradiances, resulting in higher values for all three traits. This axis of variation is consistent with trait differences between taxa (Fig. 4) . Rapid growth may come at the cost of other traits unrelated to growthirradiance relationships, such as resistance to predation or nutrient use efficiency. A related hypothesis is that prospering under relatively turbulent, deeply mixed conditions selects for increased a and also increased l max , because populations are mixed across depths of high and low light, making both of these traits important for competitive ability (Huisman and Weissing 1994) . These are also conditions where nutrient supply is relatively high, which may mean that investment in the nitrogen-rich machinery of light capture, carbon fixation, and protein synthesis (Klausmeier et al. 2004 , Talmy et al. 2013 ) is affordable.
The negative correlation between a and I opt adds some complexity to this picture. It is possible that these traits are negatively correlated simply because a high growth efficiency (high a) allows a species to reach l max at a lower irradiance, which could push the peak of the curve toward the left (Fig. 1A) . Alternatively, high a may come at a cost of greater sensitivity to photoinhibition, which would also reduce I opt . Fully understanding the patterns of trait correlation in this analysis will likely require studies of a greater number of traits, because the allocation of energy and resources among many functions can permit some traits (e.g., a and l max ) to be positively correlated when other, unmeasured traits suffer the cost (Edwards et al. 2013a) . In general, the correlation patterns are similar to those found in an analysis of trait variation across freshwater species (Schwaderer 2011) . The authors found a negative correlation between a and I opt , a positive correlation between a and l max , and no correlation between I opt and l max . Although we found a positive correlation between I opt and l max here, it is the weakest of the three correlations.
The relationship between Chl-a : C and a is consistent with the expectation that greater investment in pigments will increase growth efficiency under low light (Falkowski et al. 1985 , Langdon 1988 . Nonetheless this relationship is noisy, which may be due to the fact that Chl-a : C does not account for the role of other pigments (Langdon 1988) , as well as maintenance respiration rates that vary across species. It is possible that taxonomic differences in a are driven by taxonomic differences in chlorophyll investment, but with the limited data there is not a strong relationship between mean taxon a and Chl-a : C (Fig. 6B) . Alternatively, taxa may vary in the effective optical absorption cross section per Chl-a, but the data compiled in Langdon (1988) does not show any differences between taxa (analysis not shown).
Investment in the pigment-protein complexes that harvest light increases under low irradiance (Dubinsky and Stambler 2009) , and these components can comprise a large proportion of cellular nitrogen (Geider and LaRoche 2002) . However, species are not infinitely plastic, and there are large differences between species in Chl a : C even under saturating irradiance (Dubinsky and Stambler 2009) . We tested whether species that have a high a also have a high nitrogen investment (N : C) when nitrogen is the only factor limiting growth. The patterns observed (Fig. 6C,D) are consistent with this idea, although dinoflagellates and species known to be harmful bloomers break the pattern by having a low a despite their high N requirements. This may be due to N allocation to other functions, such as mixotrophy (Raven 1997) or toxins that contain N ( Van de Waal et al. 2014) . For the other species in the dataset, the possession of high a appears to come at a cost of increased N demand under N-limiting conditions, which should reduce competitive ability under N limitation and could potentially lead to a trade-off between light and nutrient (N) competitive abilities. These data also highlight a mechanistic link between the light-dependent growth of phytoplankton and nutrient biogeochemistry (Klausmeier et al. 2004) . It is also likely that variation in N : C across species reflects variation in C accumulation under excess irradiance and nutrient limitation (Shifrin and Chisholm 1981) .
We have taken advantage of the large number of published growth-irradiance experiments to investigate how traits related to light utilization vary across species and environments. To fully understand many of the resulting patterns will require further investigation, such as detailed comparisons of community trait structure across environmental conditions, and a better physiological understanding of the constraints and tradeoffs that affect trait variation (Talmy et al. 2013 ). In addition, many aspects of light ecophysiology have not been considered in our analysis, such as responses to fluctuating light (Litchman 2000 , Key et al. 2010 , including the dynamics of physiological acclimation, and variation in the spectral quality of light (Wood 1985 , Stomp et al. 2004 ). Ultimately, a synoptic view of multiple key phytoplankton traits across many species will be essential for characterizing the processes that structure phytoplankton communities.
